Abstract: Background: In drug metabolism reactions, it has become increasingly important to measure Michaelis constants (Km), which are used for a variety of purposes, including identification of enzymes involved in drug metabolism, prediction of drug-drug interactions, etc. Cytochrome P450s (CYPs) comprise a super family of major human enzymes responsible for drug metabolism. Hence, computational prediction of Km in CYP-mediated reactions facilitates drug development in an efficient and economical way.
INTRODUCTION
Recent advances in combinatorial chemistry have allowed a large number of novel drug candidates to be synthesized each year. However, the number of new approved drugs on the market does not increase proportionally, which is mainly hampered by inappropriate pharmacokinetic properties and drug-induced toxicity of these drug candidates [1] . For example, an ideal drug candidate should possess optimal ADME (absorption, distribution, metabolism, and excretion) properties, in order to be absorbed adequately in the target organ, metabolized efficiently, and excreted from the human body in a timely manner. The high cost of screening and testing drug candidates to achieve optimal ADME properties by traditional experimental methods necessitates the development of efficient in silico methods to predict the various pharmacokinetic properties of drug candidates [2] [3] [4] .
Among the key pharmacokinetic properties, metabolism is a major contributing factor to drug bioavailability and efficacy as well as toxicity [5] . Moreover, metabolism may be severely affected by drugdrug interactions, in which the safety and efficacy of a drug can be altered by the co-administration of an another drug, that results in serious side effects [6] and even death of the patients [7, 8] . Therefore, it is imperative that the metabolic fate of a drug candidate should be carefully considered earlier in the drug discovery stage [9] .
It is well known that cytochrome P450s (CYP450s, CYPs) comprise a superfamily of major human enzymes which play a pivotal role in the phase-I metabolism of xenobiotics and endogenous compounds [10] [11] [12] [13] . It is estimated that CYP 1A2, 2C9, 2C19, 2D6, 2E1, and 3A4 mediate the oxidative metabolism of more than 90% of the drugs on the market [14] . Over the past several decades, *Address correspondence to these authors at Room 4-321, Life Science Building, Shanghai Jiaotong University, 800 Dongchuan Road, 200240, Minhang District, Shanghai, China; Tel:/Fax: +86 21-34204573; Emails: xuqin523@sjtu.edu.cn, xiongyi@sjtu.edu.cn, dqwei@sjtu.edu.cn a large amount of experimental data on CYP-mediated drug metabolic processes has been accumulated, facilitating the development of computational methods for prediction of CYP-drug interactions. Accurate and reliable computational predictions of the enzymatic activities and metabolic profile of drug candidates may guide early-stage drug development. The Michaelis constant (K m ) for CYP-mediated drug reactions is an important enzyme kinetic parameter for understanding the pharmacokinetic behavior of a drug in its metabolism in vivo. The K m value represents the substrate concentration when the enzymatic reaction rate is half of the maximum rate. It reflects the binding affinity of the substrate towards the enzyme and the reaction rate of the catalytic reaction [15] . A few of studies have focused on the computational prediction of K m value. Balakin et al. [16] used Kohonen self-organizing maps to classify different drugs into low K m (<10 NM), median K m (10-100 NM) and high K m (>100 NM) groups, and the classification accuracy was 65% for low K m and 82% for high K m molecules. Wang et al. [17] constructed a regression model using Bayesian-regularized neural network to predict K m values for the substrates metabolized by CYP3A4 based on molecular electrotopological state descriptors, and attained the result of the correlation coefficient for R 2 =0.66 on the training set and R 2 =0.4 on the testing set. However, the existing models take account into the descriptors of substrates only and ignore the properties of enzymes, while the K m values are quite different for the same compound metabolized by different CYP isoforms. Most of the models were developed for application on single CYP isoform. Moreover, other important CYP isoforms such as CYP1A1, 2A6, 2C8 have not been included in these models because of the small data size of K m values collected on these CYP isoforms, which was the obstacle that prevented the model development in the last decade.
To address aforementioned limitations of previous studies, we mainly expand the datasets and propose a novel machine learning model in this work to improve the predictive power on the K m values of compounds metabolized by a wide range of CYP isoforms. Firstly, we collected the K m values determined by experiments in CYP-mediated reactions through exhaustive literature search, and built a large dataset of 210 experimental K m values associated with  169 binding substrates on up to ten different CYP isoforms, including CYP 1A1, 1A2, 2A6, 2B6, 2C8, 2C9, 2C19, 2D6, 2E1 and 3A4 which are the major drug-metabolizing CYP enzymes in the human body. Then, we employed the molecular descriptors representing not only various structural and physicochemical properties of the compounds but also the metabolic specificity of different CYP enzymes. The optimized set of molecular descriptors were selected by genetic algorithm, which was iteratively incorporated into the resilient back-propagation neutral network algorithm, to build the final prediction model. Compared with existing predictive models, our model estimated K m values more reliably, with a squared crossvalidation correlation coefficients of 0.73 with the experimental values. In addition, our proposed general predictive model can predict K m values of the compounds metabolized by a wide range of CYP isoforms.
MATERIALS AND METHODS

Data Set Preparation
We collected 169 compounds and their experimental K m values in CYP-mediated reactions from the Meta-CYP database, which is currently under construction by our laboratory. The data sources of this database were all retrieved from academic publications. Each compound can be metabolized by at least one of the ten CYP isoforms: CYP1A1, 1A2, 2A6, 2B6, 2C8, 2C9, 2C19, 2D6, 2E1 and 3A4. Some compounds correspond to two or more CYP isoforms and their K m values are different, so the sample size runs up to 210. The set of 210 K m values were randomly divided into two data sets. The first set was composed of 150 samples, taken as the validation set for feature selection and model construction. The rest 60 samples constituted the testing set for model test. The number of compounds metabolized by each CYP enzyme and their distribution are shown in Table 1 . The detailed information about this data set is available in Supplementary Material.
From Table 1 , it is shown that the number of compounds metabolized by CYP3A4 is larger than that of other CYP enzymes, which is consistent with the fact that CYP3A4 is a major drugmetabolizing CYP enzyme in the human body [18] . In addition, the reaction between each compound and the CYP enzyme that metabolizes this compound has already been further validated by the DrugBank database [19] .
Molecular Descriptors Calculation
The various molecular descriptors including two-dimensional and three-dimensional molecular descriptors are employed to represent different properties of each compound in the data set. In order to accurately calculate these molecular descriptors, threedimensional structures of all compounds are first built using SAMM, an in-house molecular mechanics and drug design package. Then all structures are further energy minimized using the MMFF94 force field [20] . Finally, the molecular descriptors are calculated based on the minimized structure of compounds using SAMM. A total of 193 molecular descriptors representing the topological, geometrical, electrostatic and other physicochemical molecular properties are obtained. After removing descriptors that have the same value in almost all compounds, the retained set consists of 176 molecular descriptors including 134 two-dimensional and 42 three-dimensional descriptors which are subject to further feature selection. Because the values of descriptors span a wide range, the original values are normalized by the following formula (0-1 normalization):
where V i and V i * are the original and normalized values of descriptor V for compound i. V min and V max refer to the minimum and maximum values of descriptor V among all compounds, respectively. Sometimes, if the values of some descriptors follow the lognormal distribution, the logarithm of original values should be calculated at first.
Enzyme Specificity
In addition to the molecular properties of compounds, we consider the influence of CYP enzymes on the prediction of K m as well. Descriptor V of enzyme I is defined as the average value of descriptor V of all compounds corresponding to enzyme I. So the descriptors of enzymes have the same lengths as the descriptors of substrates.
Feature Selection
Feature selection is performed prior to the construction of the predictive model in order to eliminate redundant features and identify the most relevant features [14] . In this study, we combined three rounds of selections by genetic algorithm (GA) with one additional round of optimization to filter out irrelevant molecular descriptors. Genetic algorithm is a widely used method for feature selection [21] . This algorithm imitates the natural selection process in evolution to solve the global optimization problem [22, 23] . In addition, genetic algorithm is also used to address other optimization problems that cannot be dealt with appropriately using the standard optimization algorithms [24] . 176 descriptors of enzymes and 176 descriptors of substrates were subject to the genetic algorithmbased feature selection. In the genetic algorithm, the individuals are represented by a sequence of bit string (0, 1) where 1 means that the corresponding descriptor is selected in this individual and vice versa for 0. Subsequently, the fitness value of each individual is calculated in terms of the residuals between the actual and predicted ln(K m ). The descriptors contained in the individual with less predictive error are considered to be the important descriptors for prediction of K m . As there still exists a large number of descriptors in the initial descriptor set, we perform three-rounds of feature selection. After each round of selection, some irrelevant descriptors for the prediction were eliminated and the descriptors contained in the individuals with smaller predictive errors are retained for the next round of selection. In each round of feature selections, the population size of each generation is 200, the maximum generation is 100, the crossover probability is 0.7 and the mutation rate is 0.02.
The genetic algorithm has the tendency of converging towards multiple local optima rather than a global optimum in the optimization problem [25] . In the feature selection this behavior may result in important descriptors being eliminated and irrelevant descriptors being retained. To overcome this limitation of the genetic algorithm and retain truly important descriptors, we adopt an additional optimization procedure with which we could refine the results of GAbased feature selection. The optimization procedure is based on the assumption that if the predictive error of the model becomes smaller by adding a descriptor, this particular descriptor may be important for prediction of K m , and if the predictive error does not increase by deleting a descriptor, this descriptor may be unimportant. Therefore, according to the contribution of each descriptor to the predictive error, we re-evaluated the contribution of every eliminated and selected descriptor. We removed or added each descriptor and recalculated the predictive error. If the change yields less predictive error, we accept the change; otherwise we reject it. The flow chart of the whole feature selection process is shown in Fig. (1) .
Model Construction
The back-propagation neural network (BP network) [26] is a kind of feed-forward neural networks, in which the information flows only from the input layer to the output layer. BP network has been frequently used for pattern recognition, nonlinear regression, and so on [27] [28] [29] [30] . In this study, the BP network is employed to predict the K m value. A conventional three-layer network is con- Fig. (1) . Flow chart of the whole feature selection process consisting of three rounds of GA-based selection and an additional optimization procedure. structed consisting of an input layer and a hidden layer as well as an output layer. The whole architecture of the BP network is displayed in Fig. (2) . The nodes in the input layer correspond to the selected molecular descriptors, whereas the only node in the output layer is used to output the value of ln(K m ) (natural logarithm of K m ). To fully consider the effect of the number of hidden neurons on the predictive accuracy, we set different number of nodes in the hidden layer ranging from 2 to 30 for the same set of descriptors, and 5 hidden nodes were used at last. The transfer functions used in this BP network are a logistic-sigmoid function in the hidden nodes and a linear function in the output node, respectively. The resilient back propagation algorithm (RPROP) [31] was used to train the BP network. Compared with more traditional training algorithms (such as the gradient descent algorithm [26] ), this algorithm exhibits faster convergence ability and more stable predictive behavior [32] . Besides that, the learning rate was set to 0.1 and the maximum epoch and the minimum error were 100 and 0.001, respectively. 
Comparison of Different Methods
Besides the BP network and RPROP algorithm, we also explored and compared linear regression method (partial least squares regression, PLS) [33] and several non-linear regression methods, including support vector machine (SVM) [34] , other types of neural networks such as the radial basis function (RBF) neural network [35] and Elman network [36] as well as other BP training algorithms [37] . By comparing the predictive power based on leaveone-out cross-validation for the validation set, we selected the model with the highest predictive accuracy as the final model. The other parameters of BP network were defined as the following. The learning rate was set to 0.1 and the maximum epoch and the minimum error were 100 and 0.001, respectively. The feature selection and model construction were implemented by using MATLAB.
RESULTS
Feature Selection
A total of 352 descriptors were subject to the exhaustive feature selection consisting of three rounds of GA-based selection and an optimization procedure. After each round of selection, the number of descriptors decreased and the predictive accuracy of the model increased gradually, which was reflected by the decreasing predictive error and increasing correlation coefficient between computational and experimental values. This result suggested that redundant and irrelevant descriptors were successfully filtered out by our proposed procedure. Table 2 shows the result of each round of selection containing the number of selected descriptors and the corresponding predictive accuracy. The predictive performance of each model was evaluated by both 10-fold cross-validation and leaveone-out validation on the validation set.
As shown in Table 2 , after feature selection, the number of descriptors was significantly decreased from 352 to 12. The model contained less descriptors and achieved higher predictive accuracy after each round of feature selection. This result indicated that important descriptors were successfully selected from the initial set of descriptors by the GA-based feature selection. Using these descriptors we constructed the predictive model of K m that achieved the highest correlation coefficient and the least predictive error. Table 3 shows the detailed information about the list of these 12 descriptors.
As shown in Table 3 , eight descriptors of substrates and four descriptors of enzymes were selected in the final model. The descriptors of enzymes were just the same for all substrates metabolized by the same one CYP isoform, so we should prepare the eight molecular descriptors and the CYP isoform corresponding to this molecule as the input to the model in the prediction. Of course, we should know which CYP isoform metabolized the given substrate at first by experimental method or predictive model [38] [39] [40] [41] . From Table 3 , it is indicated that the molecular composition, hydrophilic property and surface area of a compound were important for K m prediction. Using these 12 descriptors, we constructed the predictive model that achieved the highest predictive accuracy with the correlation coefficient of 0.79 and the least predictive error with an RMSE of 0.964. Furthermore, the validation results of 10-fold cross-validation and leave-one-out validation were consistent, indicating that this model had robust predictive ability. The high predictive accuracy implied that the descriptors contained in this model were indeed relevant to the prediction of K m .
Comparison of Different Algorithms
In order to verify whether or not the predictive model built with the BP network achieved satisfactory predictive ability, we tried different algorithms to construct the predictive models and compared their predictive performance with each other. The comparison results are shown in Table 4 , and all predictive results were validated by leave-one-out cross-validation on the validation set.
The results demonstrated that several training algorithms frequently used to train BP networks show no significant difference in the predictive accuracy. Furthermore, two kinds of artificial neural network specialized to the regression problem, radial basis network [35] and Elman network [36] , are compared with the BP network. The comparison results show that the RBF model obtained similar predictive accuracy to that of the BP network, whereas in the case of Elman network the correlation coefficient decreased slightly. Additionally, the correlation coefficient of the model constructed using support vector regression [34] was comparable to one of the BP network.
In addition to non-linear algorithms we also tried the linear regression algorithm to develop a prediction model. However, the RMSE of this linear model was about 1.3, which was much larger than the RMSE values of all nonlinear models constructed in this 
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Independent Test
Based on comparison of the predictive accuracy of different models, we selected the BP network model trained by the RPROP algorithm as the final model for prediction of K m values of compounds in CYP-mediated reactions, and 12 selected descriptors were used. The validation set of 150 samples was used to train the model, and the other 60 samples were used to test the model. RMSE=1.083 and Q 2 =0.73 were the results of the independent test. Fig. (3) shows the predictive performance of the model.
DISCUSSION
As the major human drug-metabolizing enzymes, the cytochrome P450s have been considered as the crucial determinant of the pharmacokinetic profile of drug molecules [42] . Combined with the relevant experimental data, many computational methods have been developed to predict the various properties related to CYPmediated drug metabolism such as the active site of CYP enzymes, the substrate specificity, the possible metabolite and so on [43] [44] [45] [46] [47] [48] [49] [50] . In these computational methods, some features of the compound such as hydrophobic groups, hydrogen-bonding, and ionization interactions are believed to have profound effects on CYP-mediated metabolism. In this work, we constructed a novel predictive model to predict the K m values of compounds metabolized by multiple CYP enzymes and identified 12 molecular features that contribute to the prediction of K m . The final set of the selected descriptors indicated that the prediction of K m values may be dependent on a few molecular features, among which the surface area of the molecule, dissociation constants of acids/bases, the octanol/water partition coefficient, as well as some special properties of the chemical composition and shape of the compound appeared to determine the prediction accuracy of the K m values, which is in agreement with the previous studies. However, as the molecular features about hydrogen bonding were not contained in the predictive model, which indicated that these features might have little influence on the K m prediction scope is still left to include the same in future.
Although our predictive model exhibited high overall prediction accuracy, the prediction accuracy varied to some extent for the compounds metabolized by different CYP enzymes. Fig. (4) displays predicted ln(K m ) results compared with the experimental values for ten CYP enzymes. Based on such comparison, we observed that for compounds metabolized by CYP2B6 and CYP2C8, their K m values were predicted with higher correlation coefficients than 0.8. Whereas in the case of substrates of CYP2E1, the predictive correlation coefficient was lower than 0.6, which implies that it is more difficult to accurately predict CYP2E1-mediated drugs metabolism. This observation is consistent with the low predictive performance of the model constructed by Michielan et al. [51] . The lower predictive performance is possibly due to the widely different characteristics of CYP2E1 substrates compared with substrates of other CYPs that have more distinguished features. For instance, CYP2E1 substrates are usually compounds with small molecular structures [45] , such as benzene (C 6 H 6 ), isoprene (C 5 H 8 ), tetrachloromethane (CCl 4 ) and alcohol (C 2 H 6 O). Their molecular weights are less than 160, while the molecular weights of other CYP substrates are usually larger than 200. Moreover, some research has revealed that CYP2E1-mediated drugs metabolism likely involves different mechanisms such as multiple binding sites and allosteric regulation [52] . These unique factors may lead to the difficulty in prediction of CYP2E1-mediated metabolism using the current methods.
There are several remaining challenges in the computational predictions of drug metabolic rates. First, the data from different sources shows large difference with each other, which may be due to the limitation of experiment methods. Next, our descriptors were unable to distinguish the R/S enantiomers, though the K m difference was usually small (shown in Supplementary Material). Furthermore, in vivo and in vitro experiments demonstrated that allosteric effects also significantly influence the CYP-mediated metabolism [53, 54] . For instance, an additional binding site near the protein surface has been identified to affect substrate binding within the active site based on the X-ray crystal structure of CYP2C9 [55] . These factors greatly increase the difficulty in accurate prediction of the drug metabolism by CYPs, especially K m values.
CONCLUSION
In this study, we employed machine learning methods to predict the Michaelis constants (K m ) of 169 compounds with their corresponding CYP enzymes, including CYP 1A1, 1A2, 2A6, 2B6, 2C8, 2C9, 2C19, 2D6, 2E1 and 3A4. The BP neutral networks with r Using such a model, we can efficiently and reliably estimate the metabolic rate of a given compound involved in CYP-mediated metabolism of these ten CYPs. We believed that our proposed model will be potentially useful in large-scale in silico drug screening for desirable ADME characteristics of drug candidates in the early stage of drug discovery and development. 
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